In this study, we report the evaluation of the residue-residue contacts predicted by our three different methods in the CASP12 experiment, focusing on studying the impact of multiple sequence alignment, residue coevolution, and machine learning on contact prediction. The first method (MULTICOM-NOVEL) uses only traditional features (sequence profile, secondary structure, and solvent accessibility) with deep learning to predict contacts and serves as a baseline. The second method (MULTICOM-CONSTRUCT) uses our new alignment algorithm to generate deep multiple sequence alignment to derive coevolution-based features, which are integrated by a neural network method to predict contacts. The third method (MULTICOM-CLUSTER) is a consensus combination of the predictions of the first two methods. We evaluated our methods on 94 CASP12 domains. In the absence of homologous structural templates, a key input for successful ab initio protein structure prediction is residue-residue contacts.
developed a method for reliably generating deep multiple sequence alignments and coevolution-based features for accurate contact prediction, and participated in the recent CASP 12 experiment with three automated contact prediction methods-MULTICOM-NOVEL, MULTI-COM-CONSTRUCT, and MULTICOM-CLUSTER. Our first method, MULTICOM-NOVEL, predicts contacts based on a deep learning contact prediction method-DNCON 5 that uses only traditional features such as sequence profile, secondary structure, and solvent accessibility. Our second method, MULTICOM-CONSTRUCT, relies on our deep multiple sequence alignment generation algorithm to predict coevolution-based features, which are used by a consensus method MetaPSICOV 8 as input to make contact prediction. Our third method, MULTICOM-CLUSTER, combines the predictions from the first two methods by choosing their common highly ranked contacts. Our second and third predictors mainly rely on our deep alignment generation algorithm to make predictions. In this article, we discuss the performance of our methods in the CASP12 experiment, primarily focusing on identifying the major factors influencing contact prediction accuracy.
Since predicted contacts are most useful for protein sequences for which homologous structural templates cannot be found, we emphasize our analysis on free modeling (template-free) targets, although we also include our analysis for all CASP12 targets to assess the benefits of combining traditional features and coevolution-based features with machine learning.
Overall, our contact prediction methods were successful mainly because of our deep alignment generation algorithm, which generates high-quality alignments when sufficient homologous alignments can be found, and at least some alignments (if possible) when homologous sequences are hard to find. We find that multiple sequence alignments, coevolution-based features, and machine learning integration are the key factors for successful protein contact prediction. In addition to the analysis on predicted contacts, we also discuss some findings of building 3D structural models using the CONFOLD method 14 with our predicted contacts as input.
| M A TE RI A L S A ND M E TH ODS

| Generating deep multiple sequence alignments to derive coevolution-based features
Multiple sequence alignments (MSAs) play a central role for the success of a protein contact prediction method because the quality of multiple sequence alignment (MSA) entirely decides the accuracy of the coevolution-based contact prediction features, which largely determines the accuracy of overall contact prediction. Hence, it is crucial to have a reliable algorithm for producing high quality multiple sequence alignments. For reliability, it is important that the algorithm generates at least some sequences when homologous sequences are hard to find in sequence databases, and generates smaller but more useful alignments when an excessively large number of homologous sequences is available. On one hand, in the absence of any homologous sequences in the multiple sequence alignments or when there are just a few sequences, coevolution-based methods fail to make any predictions.
On the other hand, when the size of alignment is too large (eg, >50 000) and the input protein sequence is long, some methods like PSICOV 12 may take too long to converge and sometimes do not produce any results even in a few days. Based on this understanding, we designed an alignment generation algorithm that attempts to generate high coverage alignments at first, and when sufficient homologous sequences are not found, relies on various sequence similarity cut-off thresholds to increase the depth of search to generate at least some sequences whenever possible.
For generating MSAs, we start by assuming sufficient homologous sequences covering most of our input sequence are available. Then we gradually switch toward choosing the settings that allow us to search deeply to generate at least some sequences. Using HHblits, 15 
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, and 1, step by step, and conclude when >2.5 L sequences are generated. If none of the thresholds leads to an alignment with >2.5 L sequences, the alignments generated with high e-value threshold of 1 are used as the final alignment. A range of evalue thresholds is required because, for some input protein sequences, a stringent e-value criterion (like 1E
240
) produces too few sequences (just a 100 or so) whereas a looser criterion (like 1E
24
) generates many sequences. We used the "UNIPROT20-2016" and "UNIREF90"
sequence databases for HHblits and JackHMMER search, respectively.
| MULTICOM contact prediction methods
Our first method, MULTICOM-NOVEL, is based on our method DNCON, an ab initio contact prediction method trained using deep belief networks and boosting. and is expected to produce more accurate results but is slow. The "rho" parameter (r) controls how quickly the programs converges and higher values tend to speed up the convergence but at the loss of prediction accuracy. We pick the job that finishes within the 5-hour time limit according to the order ("d 5 0.03", "r 5 0.001", and "r 5 0.01"). In this way we are always able to have some prediction produced within the limited time. Such a shorter time limit was used during the CASP 12 experiment because our ab initio structure prediction methods used these predicted contacts as input to build 3D models, which themselves needed up to 2 days to build models. In addition to using our ConEVA contact evaluation toolkit 19 to do evaluation, we also referred to the evaluations published by CASP (released at http://predictioncenter.org/). We focus our evaluations on top L/5 and L/2 predicted long-range contacts and use precision as the primary evaluation metric, which is the fraction (ratio) of correct predictions in top predicted contacts. One important factor influencing the precision of contact prediction is the number of effective sequences in multiple sequence alignment, M eff , 20 which is calculated at the domain or target level using the following equation:
| Datasets and evaluation metrics
where N is the number of sequences in the multiple sequence alignment and n i is the number of sequences which have at least 62% sequence identity with the i th sequence. 8 If all sequences in the alignment are very different, n i is 1 for each sequence and hence M eff sums to N, and on the contrary, if all sequences are very similar, n i is equal to N for all sequences and the sum of 1/N for N sequences gives 1, that
is, the M eff is just 1. For calculating M eff at the domain level, we trim the multiple sequence alignment column-wise, removing all the columns for which the reference native structure of a domain does not have any residues defined, so that the width of the alignment (number of columns) is same as the number of residues in the native structure of the domain.
| R E SULTS AN D DI SC USSION
3.1 | Initial benchmark on CASP11 free-modeling dataset before CASP12 experiment
Prior to the CASP 12 experiment, we evaluated MULTICOM-CONSTRUCT that uses our new deep alignment generation algorithm to generate coevolution features for contact prediction, on the dataset of 30 free-modeling structural domains of the CASP 11 experiment.
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Following MULTICOM-CONSTRUCT's pipeline, we generated alignments and coevolution-based features for the 24 protein targets (with full targets as input) containing the 30 free-modeling domains, predicted contacts for the targets, and evaluated the predictions at the domain level. For comparison, on the same dataset, we also predicted contacts using the publicly available MetaPSICOV method with default options, where alignments were generated using HHblits 15 with the coverage threshold parameter set to 60%. Moreover, we compared our results with the best performing group in the CASP11 contact prediction category, CONSIP2, 22 on the same dataset. The mean precisions of top L/5 long-range contacts predicted by MetaPSICOV, CONSIP2, and MULTICOM-CONSTRUCT are 29%, 29%, and 34.4%, respectively (see Table 1 ). The improvement of our method is significant according to paired t test of the difference in precision (P values 5 0.03). It is important to note that the same protein sequence database was used with MetaPSICOV and our method for a fair comparison. On average, our method can increase the number of sequences (N) in the alignment to 1546 (from 152), and the number of effective sequences (M eff ) to 222 (from 69), which is probably the primary contributor for the improvement (Table 1) . For these free-modeling domains, the Pearson's correlation coefficient between the precision of top L/5 long-range contacts predicted by MULTICOM-CONSTRUCT and the logarithm of the number of effective sequences (log(M eff )) in alignments is 0.60, which highlights the importance of the depth of multiple sequence alignments for contact quality. It is also important to note that the number of effective sequences was calculated at the domain level.
Pearson's correlation, when calculated using the number of effective sequences for the whole target alignment, gives much lower coefficients. This is because a high effective sequence number at whole target level does not guarantee a high number of effective sequences for each domain of a multi-domain target, as a sequence in an alignment may only cover a portion of the target. Table S1 for detailed results). Higher precisions on the complete dataset is due to the fact that the mean M eff for all the targets is 1619, >253 for the freemodeling targets. Finally, the same as on CASP11 free-modeling dataset, we observed a Pearson's correlation coefficient of 0.66 between the precision of top L/5 long-range contacts predicted by MULTICOM-CONSTRUCT and the logarithm of the number of effective sequences (M eff ) on the CASP12 full dataset. Since it is relevant to compare the performance of all three methods on the target domains for which no sufficient number of sequences in alignments were found, we selected six free-modeling domains for which our method generated <20 sequences in the alignments (see Table S2 ). For these targets, while MULTICOM-NOVEL and for FreeContact, and 25.4% for PSICOV, suggesting that the most accurate single coevolution-based predictor is CCMpred followed by
| Performance on CASP12 dataset
FreeContact and PSICOV (see Table 3 ). These precisions are much a N target is the number of sequence in the alignment which is generated with the target sequence as input. Meff domain is number of effective sequences in the alignment when alignments are trimmed to match the residues of the native structural domain. P L/5 refers to the precision of top L/5 long-range contacts.
ADHIKARI ET AL. a L, N target , and Meff domain stand for the length of the target sequence, number of sequence in the alignment for the whole target sequence, and the number of effective sequences in the alignment when alignments are trimmed to match the residues of the native structural domain, respectively. The last three columns show the precision of top L/5 long-range contacts for the three methods. The "Alignment" column shows the method and parameter used to generate the alignment, where "jhm" stands for JackHMMER and "hhb" stands for HHblits. Precision of top L/5 and L/2 contacts predicted for CASP12 structural domains using PSICOV, FreeContact, and CCMpred, the maximum precision of the three methods, and the MULTICOM-CONSTRUCT method of using machine learning to integrate multiple coevolution features In Table 3 , MULTICOM-CONSTRUCT has much higher mean preci- coevolution-based predictions to evaluate for each domain, the mean precision (called maximum in Table 3 ) is 44.2% for top L/5 contacts, which is only slightly (2.6%) better than the performance of the best individual coevolution-based feature predictor CCMpred, but is still much lower than the mean precision 56.3% of MULTICOM-CONSTRUCT.
These results indicate that, in addition to coevolution-based features being important, the machine learning approaches of integrating these coevolution-based features with the traditional sequence-based features are also very important. Analyzing the predictions made by MULTICOM-CONSTRUCT, we only found two out of 70 domains (T0918-D3 and T0912-D2) for which the machine learning integration had failed to perform better than an individual coevolution-based feature. Upon inspecting the three-dimensional structures of these two domains, however, we find both of them have the middle region of the structure missing, which might cause the failure of the machine learning integration.
Generally speaking, in MULTICOM-CONSTRUCT, the neural network- 3.5 | Impact of alignment parameters on the quality and depth of multiple sequence alignments
Our alignment generation algorithm gradually switches to pick lower quality multiple sequence alignments when high-coverage and highly homologous sequences cannot be found. For deciding when to use a lower quality alignment, we set a threshold of minimum 2.5 L sequences in the alignment. We run HHblits with three pre-specified coverage options and JackHMMER with six different e-value thresholds. For example, when HHblits search with 75% coverage option produces an alignment having <2.5 L sequences, we check the output of the search with 68% coverage, and so on. To analyze if these parameters were well tuned, we studied two subsets-(1) all the targets where we used the results of HHblits search with 75% coverage, and (2) all the targets where we used JackHMMER with e-value threshold of 1E
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. For these two sets of targets, to study how the various parameters influence the quality of the multiple sequence alignment (and ultimately the quality of contact prediction), we generated multiple sequence alignment with all kinds of parameter settings. In other words, for the first subset where we had chosen HHblits alignments with 75% coverage in CASP12 experiment, we regenerated the alignments with all three coverage options (60%, 68%, and 75%) and predicted contacts using the coevolution-based method CCMpred, respectively. For this set, surprisingly, the precision of contacts predicted using the alignments generated with coverage parameter of 60% is slightly higher, on average, than the ones predicted using the coverage parameter of 58.1%, respectively (see Table S3 ). This is true for both multi-domain and single-domain targets in the dataset, suggesting that only one , the precision increases to 63.5% at the threshold of 1E 210 and 1E 220 (see Table S4 ). These results suggest that JackHMMER searches with e-value threshold of 1E 230 and 1E 240 need not to be run. In addition to these analyses on the contact predictions of CCMpred, we also predicted contacts using FreeContact method and observed similar results confirming our conclusion.
3.6 | Impact of the convergence of coevolution methods on contact prediction
During our experiment, the coevolution-based tool PSICOV sometime could not converge within several hours, either because there were too few sequences or too many sequences in the alignment or because the input sequence was long. Hence, we ran three PSICOV jobs with different parameters in parallel and picked the one that finished within the waiting time limit, based on a preferred order. The preferred order for selecting PSICOV predictions was "d 5 0.03" followed by "r 5 0.001"
and "r 5 0.01". To verify if this preference order was effective, from the dataset of all the targets for which native structures were available for us, we selected the targets for which a multiple sequence alignment with at least five sequences could be generated and for which all three PSICOV jobs converged without any time limit constraint, resulting in a dataset of 60 domains. On this dataset, the mean precision of top L/5 long-range contacts for the options "d 5 0.03", "r 5 0.001", and "r 5 0.01" are 35.4%, 33.3%, and 18.1%, respectively (see Table S5 ).
The relatively higher precision of the option "d 5 0.03" and much lower precision of the option "r 5 0.01" validates that our preference order is fine.
Further, to check how much accuracy was lost due to the 5-hour time limit, from the above set of 60 domains, we selected the domains for which we could not select the first PSICOV job (with d 5 0.03 option) because of the time limit and had instead selected the second PSICOV job (with r 5 0.001 option). This resulted in a set of 10 domains for which the mean precision of top L/5 and L/2 long-range contacts were 57.5% and 41% when the contacts were predicted with the "r 5 0.001" option. However, had we waited for long enough to let the first set of jobs finish for these targets, the mean precision would have increased to 64.9% and 46.9% for top L/5 and L/2 contacts, respectively.
Overall, the experiments show that generating reliable multiple sequence alignments is not a straightforward process. The definition of "a useful alignment" also depends upon the coevolution-based method used to predict contacts from the alignment. While some of these For instance, if HHBlits coverage option of 75% produces 90 K sequences, it may be appropriate to increase the coverage threshold to a higher value like 80% to obtain an alignment of smaller size for which the coevolution-based methods can make predictions within a time limit.
3.7 | Three-dimensional model reconstruction using the predicted contacts
The primary objective of predicting contacts is to use them for threedimensional structure prediction. In this context, with the contacts predicted by MULTICOM-CONSTRUCT, we built three-dimensional models using our fragment-free ab initio folding tool CONFOLD 1.0 14 to study the usefulness of the predicted contacts. CONFOLD is guided by predicted contacts and secondary structures only, and hence is a good method to build models to study the independent value of the pre- built models for the whole target sequence first, without using any knowledge of domains, and then evaluated the predicted models against structural domains. Furthermore, since the number of contacts selected to build models greatly influences the quality of the reconstructed models, we selected "best of five" models for our analysis. Our reconstruction results (summarized in Table S6 ), shows that in general, predicted contacts and secondary structures alone could recover the folds of 15 out of the 87 domains, that is, with TM-score 23 >0.5. We investigated structural domains for which the accuracy of the models was low, and found that many of them are from multi-domain proteins, which are hard for all ab initio methods to fold as whole. This suggests that dividing multi-domain proteins into individual domains before folding them with predicted contacts is desirable. For each of the structural domains, we also studied the relationship between the best reconstructed models and the quality of the contact sets selected for the reconstruction. The Pearson's correlation coefficient between the TMscore of the reconstructed models and precision of long-range, medium-range, and short-range contacts are 0.60, 0.42, and 0.34, respectively, indicating long-range contacts are most useful for tertiary structure modeling. We also find that the proportion of the number of long-range, medium-range, and short-range contacts in the native structures is more similar to the proportion of the contacts that were used to build the best models, suggesting that contact-selection that is, the number of short-range, medium-range, and long-range contacts to select for building models, is important for accurate reconstruction.
As an example, we discuss the reconstruction of a free-modeling domain T0900-D1. T0900-D1 consisting of 102 residues is a compli- precision of 95% and top L precision of 60%) for this domain, the less accurate reconstruction can be attributed to the poor distribution of predicted contacts used to build the models (see Figure 3A ,B). The correctly predicted contacts only cover a portion of the structure of this domain. In a different experiment, we reconstructed this domain using all true contacts and obtained a model with 0.9 TM-score and 1.4 Å RMSD, which is near native. These examples suggest that the gap between the reconstruction accuracy of using true contacts and that of using only predicted contacts alone (that is, without using other information like structural templates or fragments), is still wide and the contact-based protein folding requires more research.
